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Abstract

We addressheproblemof schedulingpbsenations
for a collectionof earthobservingsatellites. This

schedulingaskis a difficult optimizationproblem,
potentially involving mary satellites,hundredsof

requestsconstraintson whenand how to service
eachrequest,and resourcessuch as instruments,
recording devices, transmitters,and ground sta-

tions. High-fidelity modelsarerequiredto ensure
thevalidity of schedulesatthe sametime, the size

and compleity of the problemmalkesit unlikely

thatsystematioptimizationsearchmethodswill be

ableto solve themin areasonabléime. This paper
presents constraint-basedpproacthio solvingthe

EOSschedulingproblem andproposes stochastic
heuristicsearctmethodfor solvingit.

1 Intr oduction

NASA's growing fleet of Earth-observingsatellitesemploy
adwancedsensingechnologyto assistscientistan thefields
of meteorologyoceanographyiology, andatmospherisci-
enceto betterunderstandhe complec interactionsamong
Earth’s lands, oceans,and atmosphere. Demandon these
satellitesis alreadyhigh, andis expectedto increasesignifi-
cantlyin the nearfuture. Currently scienceactvities on dif-
ferentsatelliteg(e.g.the AM Constellationpr evendifferent
instrument®nthesamesatellite(e.g.the ASTERInstrument
on the Terrasatellite[11]), are scheduledndependentlyof
one anothey requiring the manualcoordinationof obsera-
tionsby communicatingeamsof missionplanners.

It is unlikely thatthis approachto daily missionplanning
and schedulingwill be viable in the future. As constella-
tion sizesandthe numberof obsenationrequestgrow large,
manualcoordinationwill no longerbe possible.A moreef-
fective way to manageobsenationschedulings by allowing
customerof the data(viz. the scientiststhemseles)to re-
guestdataproductsandcentrallyschedulell requestaising
informationaboutall possibledatagatheringresourcesCus-
tomerpreferencewill constrainwhich satelliteor satellites
will be usedto collectthe data. Automatedtechniquesan
reasoraboutall of the resourceshatareinvolvedin collect-
ing data,storingthe datatemporarilyon boardsatellites and
transmittingthe databackto Earth. This will enablemore

efficient managementf the fleet of satellitesaswell asthe
communicatiorresourceshatsupportthem.

In this paperwe discusghe problemof schedulingobser
vationsfor a collectionof earthobservingsatellites.We first
formulatetheproblemin Section2 asaconstraineeptimiza-
tion problem,involving a setof obsenation requestseach
with associatedonstraintshatmustbe satisfiecby ary solu-
tion to the problem,anda setof resourcesincludingimaging
instrumentssolid staterecorder§SSRs) antenna@ndtrans-
mitters,andgroundstations.Typically, therewill betoomary
obsenationsto schedulewith available satellite resources.
Thereforewe assumeequestareprioritized,andsearchor
the bestsubsetof requestgo service,subjectto operational
constraintsln Section3, we suney approache® solvingthe
EOSschedulingoroblem.In Section4, we introduceour ap-
proachto solvingthe problem basedntheConstraint-Based
Interval Planning(CBIP) paradign16]. In CBIP, actionsand
fluents (or states)are uniformly describedas intervals dur-
ing which a statevariablemaintainsa particularvalue. CBIP
usesa modelto specifyhow statesarerelatedto eachother
in a plan. Candidateplansarerepresentedby variablesand
constraintawhich reflectthe temporalrelationshipsetween
actions,orderingdecisionshetweeractions,andthe parame-
tersof statesor actions. In Section4 we alsoformulateour
approachto conductingand controlling an algorithm based
on Heuristic Biased StochasticSearch(HBSS) [3] using a
heuristicrelatedto priority andresourcecontention.

2 Problem Description

We assumehatconstellation®f thefuturewill containmary
satelliteswith heterogeneousapabilities.The satellitesmay
bein ary orbit. Eachsatelliteis equippedwith a suiteof in-
strumentssomesatelliteshave pointableinstrumentsgiving
increasedlexibility in whatthey canobsere atary pointin
anorbit. Further someimaginginstrumentsaremeantto be
on almostcontinuously in orderto ensureglobal coverage
(e.g.theETM+ on Landsatfr). Othersaredesignedo beop-
eratingon a limited basisto obtainhigh resolution,detailed
mapsof selectegpartsof earthslandsurface.
Imagedataacquiredby anearthobservingsatelliteareei-
therdownlinkedin real-time,or recordedon boardfor play-
backat a latertime. TDRSSsatellitesand groundstations
areavailableto receve downlinkedimages. Differentsatel-
lites maybe ableto communicatevith only a subsebf these



resourcesandtransmissiomateswill differ from satelliteto
satélliteand from stationto station. Further theremay be
differentcostsassociateavith playingbackdatathroughdif-
ferentgroundstations.

An obsenationrequests typically specifiedn termsof the
type of dataandinstrumentesired a seriesof locationsand
timesfor thesensingevent,andapriority for satisfyingthere-
guest.A proposedbsenationsequencenustsatisfya num-
berof constraintsTheseconstraintsncludethe requirement
that the obsenation requestsde matchedwith the satellites
capableof collecting the requestediata, and that obsena-
tion timesmustobey durationandorderingconstraintsasso-
ciatedwith theimaging,recordinganddownlinking tasks.In
addition, SSR capacity and constraintson communications
equipmensuchassatelliteantenna@ndgroundstationamust
be satisfied. Theremay alsobe set-uptimesassociatedvith
satellitesystemswhich generatdurtherorderingconstraints.
Servicingrequestsnayinvolve coordinatingactivitiesamong
differentsatellites.For example,a stereaimagewill involve
multiple sensingeventsof thesamdocationatdifferentview-
ing angles. In other casesadequatespectralcoveragemay
requirethe useof two or moreinstrumentgo sense¢he same
land area,or to senseboth land useand atmosphericondi-
tions. Finally, scientistamay wantto imagethe sameareaat
differenttimesof day.

Therewill betoomary obsenationsto schedulevith avail-
ablesatelliteresourcesSolutionsare preferredoasedon ob-
jectivessuchas maximizingthe numberof high priority re-
guestsservicedandthe expectedquality of the obsenations,
andminimizing the costof downlink operations.

EOSsciencemanagementequirescontinuousscheduling
andreschedulingf actvities. Requestganbe submittedat
ary time, andhigh priority targetsof opportunity(e.g.,fires,
earthquaks,volcanos)may resultin the needfor updatinga
partially executedschedule.In addition,therearenumerous
sourcef uncertaintyin the satelliteobsenationscheduling
domain. Oneof the mostimportant,anddifficult, aspectof
the EOS schedulingproblemarisesfrom the uncertaintyof
theweathey specifically with respecto cloud cover. Onthe
one hand,imagequality typically is heavily determinedby
theamountof cloud cover; on the otherhand,mary partsof
the world have long seasonsvherecloudsare omnipresent,
andif asimple“no cloud” schedulingpolicy werefollowed,
thesepartsof the world would virtually never be obsened.
Thus, it is importantto enforcea sophisticatedscheduling
policy which mollifiesa“no cloud” coverrestrictionwith the
needfor coverage.

3 Previous Work

Previously reportedwork on EOS schedulingproblemsin-

cludesboth theoreticalinvestigationausing abstractmodels,
aswell asoperationakchedulergor ongoingEOSmissions.
We divide our suney of previousapproachemto two parts:
modelingandalgorithms.

3.1 Modelsof EOS Scheduling

Very few theoreticalapproachesonsidermultiple satellites
or the coordinationof obserations. Burrowbridge [4] dis-
cussesheimportantproblemof managingelemetryanddata

acquisition(TDA) resourceseededy multiple satellitesput
doesnot treatproblemsinvolving obsenations,datagather
ing, or downlinking data. Theoreticalapproachessuallyin-
volve simplified modelsof the satellitesandcommunication
resourceskor example,Lemaitreetal. [10], Pemberto12]
and Wolfe and Sorenser[18] do not discusson-boarddata
storageor communicationsystemmanagemenBensanaet.
al. [2] describeproblemswith on-boardstorageconstraints,
but without communicationsystemmanagementPember
ton [12] andWolfe and Sorenseni18] assumehatthereare
no precedenceonstraintr ary otherlogical constraintde-
tweenthe requestsyhile Lemaitre et al. [10] andBensana
etal. [2] compilethe complex constraintsdown to simple
binaryandtrinary exclusionconstraints.

There are several operationalsystemsfor ongoing EOS
missions. The ASTER scheduledescribedn [11] andthe
Landsat7 schedulef13] aretwo examples. Thesesched-
ulersrely on quite detailedmodelsof the satellitesandthe
communicationsernvironmentwhen schedulingoperations.
However, they do suffer from some limitaitons. For ex-
ample, ASTER schedulingis performedindependentlyof
otherinstrumentonboardthe Terrasatellite.A fixedamount
of memoryis allocatedfor this instrument;if it is unused,
it cant be usedby ary otherinstrument,resultingin sub-
optimal schedules. Additionally, thesemodelsdo not ac-
countfor all of the stepsthat occuron boardthe satellites
during operations. For instance,the ASTER instrumentis
aimable,yet thereis no accountingfor the time requiredto
aim the instrumentbetweenobsenations. Similarly, Land-
satrequirestime to shutdown and power up its instrument;
this is assumedo take place betweenscenes. While this
may be sufiicient for Landsat,it may not be good enough
for future satelliteswith more advancedcapabilities. A no-
table exceptionis ASPEN, which was usedto model and
solve the EO-1 data acquisition schedulingproblem [14;
15]. ASPENIis an integratedplanningand schedulingsys-
temthatcanrepresentomple resourcesactvities thattake
time, aswell assubgoalof actiities. However, the schedul-
ing problemdescribedn [15] doesnot appeawery difficult;
EO-1canonly schedule4 obserationsa day. It is not clear
how their approachscalesto mary satelliteswith mary in-
strumentof varyingcapabilities.

As mentionedpreviously, mostof the problemsdescribed
in thesepapersareoptimizationproblems.The usualgoalis
to maximizetheweightedsumof theschedule@bsenations.
Wolfe and Sorenser18] describea slightly different prob-
lem, in which obsenationsare valuedbasedon whenthey
areperformedandhow muchdatais collected. This makes
the optimizationproblemmoredifficult to solve.

3.2 SchedulingAlgorithms

Many of the searchalgorithmsdescribedn thesepapersare
incompletealgorithms. The primary reasonfor focusingon
suchalgorithmsis that, evenfor smallnumbersof satellites,
the problemsare large enoughthat solving them optimally
is impractical. The usualapproachs to greedily selectthe
next highestpriority requesto try andscheduleandrejectit
if thereis nowherefor it to go. The ASTER schedulef11]
works exactly this way, asdoesof the approachesescribed



by Wolfe andSorenseih18]. Pembertoh12] describesifam-
ily of algorithmsrangingfrom strictly greedyto complete
search;after sorting the requestsplocks of n requestsare
scheduledoptimally, with all previous allocationsacting as
constraint®n the next setof obsenationsto scheduleWolfe
and Sorenseri18] describea greedysearchwhich sortsre-
guestsy priority, breakingtiesusingtheamounbf slack(ex-
traspacdor therequest)thengreedilyschedulingherequest
in thebestplacefor it. A modificationperformslookaheado
decidewherethe requesteadsto the bestschedulethereby
accountingfor its futureimpact. Anothermodificationgen-
eratesnputlists usinga geneticalgorithm,with the optionof
rejectinga requestpreemptorily Burrowbridge’s scheduler
[4] greedilyschedulesequestdasedntheearliesfinishing
time of the request. The Landsat7 schedule{13] greedily
schedulesequestdasedon the earliestfinishing time until
resourcesun out, thenpreemptpreviously scheduleabser
vationsbasedon priority. ASPEN[14] usesa local search
algorithmthat generatesan initial schedule thenidentifies
andrepairsconflictsin the scheduldy changingvariableas-
signments.This algorithmis quite comple, with 10 distin-
guishedtypesof conflictsandheuristicsrequiredto identify
boththe conflictto work on andthe methodof addressingg.

As a final note, the priority of obsenationsis normally
derived from a numberof factors, someof which are dy-
namically determined. For example, estimatedcloud cover
andnearnes$o the endof the feasibility window arenormal
inputs. The Landsat7 schedule13] also attemptsto find
schedulewith long sequencesf adjacentscenedo reduce
theoverheacdbn dataacquisitions.

4 Technical Approach

We believe thateffective coordinatiorof EOSsrequireshigh-

fidelity modelingof the entire EOS ervironment. Not only

do we needto modelon-boardsatelliteresourcescommuni-
cationresourcesindrequestshut we mustalsomodelthede-

tailedactivity sequencesnthespacecrafandontheground.
However, wewould lik e to make useof searchechniquesie-

velopedor solvingcombinatoriaproblems.To balancehese
needswe usethe Constraint-Basethterval Planning(CBIP)

frameawork.

4.1 Constraint-Basedinterval Planning

The CBIP framework [16] is basedon aninterval represen-
tation of time. A predicateis a uniform representatiorof
actionsandstatesandanintervalis the periodduringwhich
a predicateholds. A tokenis usedto representa predicate
which holds during an interval. Eachtoken is definedby
the start, end and durationof the interval it occurs,aswell
as other parameterswhich further elaborateon the predi-
cate. For instance,a Take- | mage predicatemay have a
parametedescribingheresolutionwhich canbeeitherl ow
or hi gh. The planningdomainis describedby planning
schematawhich specify for eachtoken, other tokensthat
mustexist (e.g. pre and postconditions),and how the to-
kensarerelatedto eachother Figurel shavs anexampleof
aplanningschemaSchemataanspecifyconditionaleffects
anddisjunctionsof requiredtokens.For instancen Figurel,

aTake- | mage intervalcanbemetbyacCal i br at i on pe-
riod if ahighresolutionimageis to betaken. Thevalueof the
?node parametemdicatesvhetherornotaCal i br ati on

periodis required. Planningschemataanalsoincludecon-
straintsonthe parametersf thetoken. As shavnin Figurel,

theTake- | mage interval hasaconstraintelatingthemode
andtheamountof datastoredby the operation.

EURORA [6] is a CBIP planningparadigmwhich continu-
ouslyreformulateghe planningproblemasa DynamicCon-
straint Satisfction Problem(DCSP).This is doneby map-
pingeachpartialplanto aCSP Thetemporakonstraintgorm
a SimpleTemporalNetwork, which canbe efficiently solved
[5], while the restof the constraintsform a general,non-
binary CSPrepresentedy proceduralconstraints[8]. An
additionalfeatureincludesthe ability to produceplanswith
flexible time; thatis, actiities may startandendat ary time
in aninterval [9]. This givesthe plansomeflexibility, should
actiitiestakelongeror shortethanexpected Figure2 showvs
a plan fragmentandits inducedCSP Assignmentsof vari-
ablesin the CSPcorresponckitherto the addingof new plan
stepspor theassignmenof parametersf plansteps As steps
areaddedto or removed from the plan, the CSPis updated
to reflectthe currentpartial plan. For example,in Figure2,
addingthe Take- | nage stepto the plan requiresadding
severalnew variablesandconstraintso the CSP At ary time,
if the CSPis inconsistentthenthe partialplanit representss
invalid; if asolutionis foundto theCSRthenthatsolutioncan
be mappedackto a planwhich solvesthe problem.Thead-
vantageof sucha representatiois thatary algorithmwhich
solvesDCSPscanbeusedto solve theplanningproblem.

Take-Image(?lat,?long,?angle,?mode):~ ’

Parameter

— ity (il il 2 i 2
Constraints ’ SSR-Capacity(?init, ?final, 2duration,?mode) ’

meets Idle()

Disjunctive
Constraints

Interval
Constraints

Eq(?mode,HIGH) —> met-by Calibrate() ’

Figurel: Theplanningschemdor aTake- | nage interval.

This schemaconsistsof four componentsthe mastertoken

of theschemagonstrainton the parametersf theschemaa

descriptionof othertokenswhich mustexist whenthe master
tokenis in the plan, anda disjunctionof tokenswhich may
exist whenthemastertokenis in theplan.

EUROPRA hasthe ability to model various types of re-
sourcesA domainmodelconsistsof a numberof attributes
eachof whichrepresentanaspecbf theobjectsthatinteract
in theworld. Eachof theseattributesmaybein only onestate
atatime; hencejf a cameras takinganimage,it can' also
beturning. This permitssimplemodelingof resourcesCom-
plex resourcesuchasfuel andpower canbe modeledusing
numericalconstraints.In Figure 1, thefilling of the SSRis
modeledby aconstrainthatrelatesheinitial amountof stor
age thefinal amountof storageandtherateatwhichthedata
acquisitiontaskfills the buffer.



Calibrate(?mode) ’Rmeetsg{ Take-Image(?lat,?long,?angle,?mode) ’

[Cﬁstan H C_end } Eq { TI_start }—@

AddEq

AddEq

C_dur

TI_dur

Data-Level TI_final

Figure2: A partial plan andits DCSPrepresentation.The

partialplanconsistof 2 tokens shavn atthetop of thefigure.

The DCSPvariablesarein roundedboxes. Edgesbetween
DCSPvariablesarelabeledwith theconstraint®nthosevari-

ables.

4.2 A CBIP Model of the EOS Domain

A CBIP model for the EOS domainwill describethe at-
tributesof a setof satelliteswith differenttypesof sensing
instrumentsandresourcesaswell asdifferentorbital tracks.
Resourceto bemodeledor eachsatelliteincludetheinstru-
ments,the SSR,and a setof antennaeand transmittersfor
downlinking data. We not explicitly modelpower consump-
tion or satellitemaneuer operationsalthoughmaneuer pe-
riodsandpower-relatedduty cyclesmay constrainthe sched-
ule. Othermodelelementsaredatareceving stations either
groundstationsor TDRSSsatellites.

A sensingnstrumentis definedprimarily in termsof the
type of datait acquires,its spatial and spectralresolution
(for spectrometers)ts swathwidth, andpointinglimitations
(field of view, slew rate,andsoon). A solid staterecording
device (SSR)is definedby the storagecapacityandthe rate
atwhichit storesdata.Antennaeandtransmittingdevicesare
definedby whetherthey areslewvable,andalsoby their data
transmissiomate. Datareceving stationsareassociateavith
afrequeng band,andalsoby the numberof downlink chan-
nelsthey support. Eachof theseentitieswill correspondo
oneor moreattributesof amodel.

Requestsareidentifiedby theirlocation,eitherspecifiedn
World ReferenceSystem(WRS) units, or latitude and lon-
gitude. We may also model a “Quality of Service” (QoS)
typefor eachrequestFor example,in Landsaf7, requests$or
imagesmadeby non-U.S.internationalgroundstationsare
usually servicedthroughdirect downlink to the the request-
ing groundstation. By contrastso-called’special” requests
on Landsat7 correspondingo exceptionaleventsare typi-
cally simultaneouslyrecordedand directly downlinked to a
groundstation,andlateralsoplayedbackfor redundang. As
notedearlier requestareassociatedvith a userdefinedpri-
ority, but other derivedprioritiesemegeduringthe schedul-
ing process.For example,a requestmay undego a boostin
priority asaresultof thedelaysincethe previoustime anim-
ageof theareawastaken,or becaus®f limited opportunities
for capturingthe image. Corversely a requestpriority may
be demoteddueto expectedexcessie cloud cover over the

area. A givenrequestmay alsocorrespondo a coordinated
actiity involving multiple instruments.Coordinatedobser
vationactuities arisefor mary reasonsfor example,to take
a stereoimageof an area,to samplea region over different
spectrakegions,or to calibrateinstruments.

Eachattribute of a CBIP modelsupportsa limited setof
actiities. Thus, an SSR can be recording, playing back
data,or idle, an antennacanbe slewing, or pointingto are-
ceiving station,and an imaginginstrumentcan be off, idle,
or taking an image. The modelwill alsorepresentset up
events such as warming up an instrument,or slewing for
antennaeor pointablesensinginstruments. Temporalcon-
straintsimposerestrictionson the durationand ordering of
tokensin a plan. Temporalconstraintsmay be associated
with a singleactvity, suchasthe constraintthat an antenna
be slewed to a certainlocation beforeit can begin point-
ing at that location; or a temporal constraintcan involve
pairs of actities, suchasthe constraintthat a groundsta-
tion must be in contactwith a satellite while datais be-
ing downlinked. Resourceconstraintsinclude SSR capac-
ity, communicatiorbandwidth andduty cycle restrictionson
imaging instruments. Figure 3 shavs how all of theseas-
pectsarecombinedn a simplemodel. This modelshovsthe
interactionof an instrumentattribute and an SSR attribute.
The instrumenttransitionsbetweenPoi nti ng, 1dl e,
Cal i brati ng and Take- | mage. The SSRtransitions
betweenRecor di ng, Pl ayback andl dl e. Thetime
requiredfor Poi nting, Calibrating, Recording
and Pl ayback actvities are constrained. In addition,
Take- | mage andRecor di ng actvities mustbe simulta-
neous,andwheneer a Pl ayback occurson the SSRthe
instrumentmustbel dl e.

Instrument Attribute

Calibrating-Time(t,a):
t=ca

Pointing-Time(t,a,b):
t=c(|b-al)

Calibration

Take-Image

Contained-By

Playback

Playback-Time(t,r,d)
t=dr

Record-Time(t,r,d)
t=dr

SSR Attribute

Figure3: Simplifiedmodelshawving theinteractionof instru-
mentandSSRattributes.



The EUROPA plannersupportsobject-orienteddescrip-
tions of models.Most subsystemsef satellitesarequite simi-
lar, sowe expectthatwe candefinearelatively largenumber
of differentsatellitesquite easily We canthenvary the pa-
rameterof thesedifferentsatellitemodelsto createmoreor
lesschallengingEOS domains. For instance,we can vary
the transmissiorratesand SSR capacitiesof the satellites,
the numberof groundstationsor TDRSS contacts,as well
aschangethe instrumentmakeup of satellites,to assesshe
impactof differentscenariogor particularsetsof requests.

5 The HBSSAIgorithm

In theory the optimal solutionto an obsenation schedul-
ing problemcan be found using the well known systematic
branchandboundalgorithm.Unfortunatelycompletesearch
algorithmsare simply not practicalfor mostlarge schedul-
ing problems.Bensanat al. [2] indicatethatthey wereun-
ableto optimally solve problemswith morethanabout200
obsenationsusingRussiarDoll Search(aclever but special-
izedvariationon BranchandBound).Pemberto12] makes
similar obsenations. The only alternatvesareto usesome
form of greedysearchor hill-climbing searchpossiblyaug-
mentedwith stochastic/ariationto escapédocal optima. For-
tunately for obsenationschedulingheseapproachetendto
work well, becausghereareusuallymary local optimathat
arenearlyasgoodasthe global optimum. Thus, by inject-
ing stochasticvariationinto a greedysearchprocedureone
of theseresonablygoodsolutionscanusuallybe found very
quickly.

For our purposeswe have chosento overlay a stochas-
tic gready searchalgorithm on the constraint-basegblan-
ning techniquediscussedearlier In particulay the greedy
searchwill chooseand scheduleobsenations,andthe con-
straintbasedplanningfoundationwill propagateconstraints
to rule outpossibilitiesinconsistentvith eachobsenationas-
signment,and expandindividual obsenationsby including
ary necessargetupandpostprocessingtepsrequiredby the
scheduledbsenations. The stochastiqgreedysearchalgo-
rithm is basedon the HBSSalgorithmdevelopedby Bresina
[3]. Thebasicalgorithmfor HBSSlookslik e asimplegreedy
searchwith restarts A modifiedversionof thealgorithmap-
pearsn Figure4.

What distinguishesthe HBSS algorithm from ordinary
greedysearchis the way in which alternatvesarechosenn
theSelectObsandSelectTime steps.n apuregreedysearch,
thesechoicesaremadeabsolutelyby aheuristic.In theHBSS
algorithm, the heuristicmustrank or scorethe possibleal-
ternatves. HBSSthenchoosegprobabilisticallyfrom among
thealternatves,weightedaccordingo theirrankingor score.
Thus,possibilitiesranked highly by the heuristichave higher
probability of being selectedbut otherlower ranked possi-
bilities aresometimeselectedThis meanghatseveralalter
nativeswith roughly the samescorewill have roughlyequal
probability of beingchosen.Becausef this stochastichar
acter alternatve schedulesrelik ely to beexploredwith each
successie restartof thealgorithm.

The Propagate step performs simple inferencesafter
schedulingan obsenation. Theseinferencesnclude elimi-

procedure HBSSObs)
P=9
while Obs # 0
o = SelectOb$0Obs)
t = SelectTime(o)
P = PU o startingattime ¢
Obs = Obs — o
P = Propagatg P)
if noplanfoundreturn ¢
endwhile
FindPlan(P)
return P
end

Figure4: HBSSModified for the EOS Schedulingoroblem.
Thealgorithmrepeatedlyselectsanobsenation,thenselects
atime to scheduldhe obsenationor rejectsthe obsenation.

This assignments addedto the plan, and Propagatethen
performsary inferencesthat result from the schedulingof

theobsenation. If all obsenationsareschedulear rejected,
FindPlan attemptsto scheduleandsubgoalghat needto be
scheduledandthe resultingplan (theremay not be one)is

returned Heuristicsstronglydrive the SelectObsandSelect-
Time steps.

natingchoicedor obserationsandotherwiseeliminatingthe
valuesof variablesin the DCSPrepresentatiomf the plan,
but mayincludeinsertingsubgoalsnto the plan. HBSSonly
selectobsenationsto bein the plan;thesemayleadto sub-
goals,andthesealsoneedto be insertedin the plan. Before
the HBSS procedurecompletesary subgoalghat have not
beeninsertedinto the plan mustbe handled;this is doneby
theFindPlan step.

Like most searchproceduresthe effectivenessof HBSS
dependscritically on the quality of the heuristic advice.
Bresina[3] hasshavn that HBSS is particularly effective
whenthe ranking heuristicstypically give goodadvice. As
the quality of the heuristic advice declines, HBSS must
searchprogressiely longer (morerestarts)to find nearop-
timal schedules.In the next sectionwe develop contention
heuristicsfor rankingobsenationchoices.

5.1 Contention Heuristic

The succesof Greedysearchmethodsdependdargely on
theheuristicusedto decidewhichvariableto assigmext, and
whichvalueto assigrto thatvariable. Thesestepscorrespond
to the SelectObsandSelectTime steps.

For obsenationschedulinganobviousheuristicfor choos-
ing anobsenationis to selectthe onewith the highestprior-
ity. In general,this will ensurethat the schedules loaded
with as mary high priority obsenationsas possiblebefore
ary lower priority obsenations are considered. However,
theremay be mary obsenationswith the samepriority, and
the orderin which we considertheseobsenationscanhave
a dramaticimpacton the resultingschedule. For example,
considerthe simpleexampleshowvn in Figure5. Herethere
aretwo obsenations,A andB, of equalpriority. As shown,



Take-Image B
Take-Image A

1 2 3 4 5 6 7 8 9 10 11 12 13

| Take-Image Al |Comm | | Take-Image Al Comm |

Figure 5: The impact of variable and value order
ing. Take- | nmage A hasthreepossibletimeslots, while
Take- | mage Bhasonly 1. Thetemporakonstraintsmply
thatschedulinglake- | mage Aattime 1 makesit impossi-
bleto schedulélake- | mage Batall, sinceit canonly start
attime 2.

thereareseveralopportunitiefor schedulingA, but only one
opportunityfor schedulingB, which overlapswith the first
opportunityfor A. If we chooseobsenationA first, andfool-
ishly schedulet in thefirst availabletime slot, thenobsena-
tion B will notappeain thescheduleln contrastjf wewere
to scheduleB first, otheropportunitiesvould still remainfor
obsenationA.

Theseexamplessuggesa simplerule of thumbfor choos-
ing which obsenationto schedulenext: preferobsenations
having thefewestremainingopportunities.This heuristicre-
semblesthe Minimum RemainingValues(MRV) heuristic
commonlyusedin the CSPcommunity[7]. Calculatingthe
numberof remainingopportunitiesor an obsenationis ap-
pealingbecausét is simpleto compute andprovidesat least
someestimateof how easyit is to schedulethat particular
obsenation. However, it doesnot give ary estimateof how
much”contention” thereis for thoseopportunities. For ex-
ample,if therearetwo remainingopportunitiesor a high pri-
ority obsenation,but absolutelyno contentionfor oneof the
time slots,thenthe obsenationwill alwaysbeeasyto sched-
ule. In contrastjf therearenumeroutherobsenationsthat
couldusethosetime slots,thenthereis goodreasorto sched-
ule the obsenation early, to make sureit getsone of those
time slots.

This leadsus to a more sophisticatedmeasureof con-
tention. To startwith, we will only considercontentionfor
time slots. We first define someterms: Observations(t)
is the set of obsenationsthat could occur at time ¢, and
Opportunities(o) is the setof discreteopportunitiesfor ob-
senation o (noting that eachdiscreteopportunityis exactly
long enoughto accomodatéhe window.) For a giventime
slot, we couldmeasureontentiorby countingthe numberof
obsenationsthatwantthattime slot, weightedby the priority
of theobsenation:

Contention(t) = Z Priority(o)

o€Observations(t)

However, thismeasureloesnt incorporatéhow badlyeach
obsenationneedshetime slot; i.e. if anobsenationcanbe
scheduledn only thattime slot, it needshe time slot badly
but if it canbe scheduledn lots of differenttime slots, it
doesnt needthetime slotvery badlyatall.

We candefinethe needof anobsenationas:

Need(o) = Priority(o)
"~ |Opportunities(o)|

Thecontentiorfor aparticulartime slotcanthenbedefined
as:
Contention(t) = Z Need(o)

o€Observations(t)

Thecontentiorfor a particularobsenationcanthenbede-
finedas:

min

Contention(t)
teOpportunities(o)

Contention(o) =

We take the minimumbecauseheremaybe aneasyplace
to put an obsenation, and the contentionof an obsenation
shouldnot be loweredby slotsthatarein higherdemand.In
otherwords, addinganotheropportunityfor an obsenation
shouldneverincreasethe contentionmeasurdor that obser
vation. Note,however, thatcontentiorshouldberecomputed
asobsenationsarescheduledo accounfor slotsthatareno
longeravailable,leadingto highercontentiorfor the remain-
ing obsenations.

In developingthe equationsabove, we regardedobsena-
tions asif they only requireda single sceneor time slot,
and could only be scheduledfor that slot (i.e. no win-
dow of opportunity). For obsenationsthat involve a se-
quenceor group of sceneswe would have to sum up (or
maximizeover) the contentionmeasuregor eachof the in-
dividual scenes(time slots). With pointableinstruments,
thereis an interval during which a given scenecould be
taken. This can also be incorporated(with some further
complicationof the equations)this would resembleheuris-
tics that attemptto maximizethe slackin a schedule[17;
1].

Measuringcontentionfor a global resourcdike SSRca-
pacity involves generalizingthe above contentionmeasure
to considerthe amountof the resourceneededby an obser
vation, the resourcecapacity andthe interval of time under
consideration.

Let Requires(o,r) be 1 if obsenationo requiresresource
r andO otherwise andlet Capacity(r, i) bethe capacityof a
resourceover atimeinterval i. Thus,an SSRwith a capacity
of 50 hasa Capacity(r,i) = 50; if a playbackof 20 units
occurswithin the interval 4, then Capacity(r,i) = 70. We
thengeneralizéhe above definitionsto be:

Priority(o)

Need(o,r) = Requires(o, r) [Opportunities(o)]

Zonbservations(i) Need(o)
Capacity(r, i)

Contention(r,i) =

Contention(r, 0) = min Contention(r, 1)

i€Opportunities(o)

Again, note that thesemeasureshangeas actiities are
scheduledIn particular asactivities thatemptythe SSRare
scheduledCapacity(r,i) may increaseandasobsenations
arescheduledCapacity(r, i) maydecreaselntuitively, these
contentionmeasuregrovide a more accurateassessmerdf
how hardit is to actually schedulean obsenation. Using
thesemeasuresyur variableorderingheuristicis:



Schedulethe obsenation of highestpriority and
highestoverall contention

wherecontentionwill be aweightedsumof contentionmea-
suresfor the different resourcegtime slots, SSR capacity
...). Thisapproachassumeshatresourcesreindependent
while not true, it doesprovide an efficiently computableap-
proximation. This heuristicprovides a ranking of obsena-
tionssuitablefor usewith theHBSSsearchprocedure.
Givenanobsenationto schedulewe would preferto put
it in the placewhereit will competewith the fewestother
obsenations. We canusethe above contentionmeasureso
defineavalueorderingheuristic:

Scheduleanobsenationin theopportunitywith the
leastcontention

Again, this heuristicprovidesa rankingsuitablefor usewith
theHBSSsearctprocedure.

6 Conclusionsand Future Work

We have presentedhe problemof schedulingobsenations
on acollectionof EarthObservingSatellitesanddiscussea
candidateaepresentatioandsolutionmethodology In order
to producegoodplans,we adwocateda high-fidelitymodelin-
corporatingboth satelliteresource@nd communicationse-
sourcesln orderto gainmaximumiflexibility in solvingprob-
lems, we usedthe CBIP paradigm,which gives us access
to algorithmsfrom the DCSPcommunity We believe that
this problemis large enoughand complex enoughthat a bi-
asedgreedystochasticsearchmethodwith a well-motivated
heuristicis the bestapproach. We have motivatedand de-
scribedsucha heuristic,andshavn how it canbeintegrated
with a modifiedform of the HBSSalgorithm.

Our next tasksareto choosehefinal form of theheuristic,
selectthe biasfunctionto be usedwith HBSS,andselectthe
exact methodby which subgoalsof schedulecbbsenations
will beinsertednto the plan. Oncethis is done,we canthen
begin experimentdo testthe effectivenesf this procedure
onlarge,heterogeneousOSschedulingproblems.
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